Abstract: Transmission line distance relaying for flexible AC transmission lines (FACTS) including thyristor controlled series compensator (TCSC), STATCOM, SVC and unified power flow controller (UPFC) has been a very challenging task. A new approach for fault zone identification and fault classification for TCSC and UPFC line using decision tree (DT) is presented. One cycle post fault current and voltage samples from the fault inception are used as input vectors against target output '1' for fault after TCSC/UPFC and '0' for fault before TCSC/UPFC for fault zone identification. Similarly, the DT-based classification algorithm takes one cycle data from fault inception of three phase currents along with zero-sequence current and voltage, and constructs the optimal DT for classifying all ten types of shunt faults in the transmission line fault process. The algorithm is tested on simulated fault data with wide variations in operating parameters of the power system network including noisy environment. The results indicate that the proposed method can reliably identify the fault zone and classify faults in the FACTs-based transmission line in large power network.
Introduction
In the current open-access environment, transmission systems are being required to provide increased bulk power transfer capability and to accommodate a much wider range of possible generation patterns. This had led to an increased focus on transmission constraints and on the means by which much constraint can be alleviated. The flexible AC transmission lines (FACTS) [1] devices offer a versatile alternative to conventional reinforcement methods. The thyristor controlled series compensator (TCSC) [2] and the unified power flow controller (UPFC) [3] are important FACTS devices, which are used extensively for improving the utilisation of the existing transmission system. TCSC-based compensation possess thyristor controlled variable capacitor protected by metal oxide varistor (MOV) and an air-gap. However, the implementation of this technology changes the apparent line impedance, which is controlled by the firing angle of thyristors, and is accentuated by other factors including the MOV. The presence of the TCSC in fault loop not only affects the steady-state components but also the transient components. The controllable reactance, the MOVs protecting the capacitors and the air-gaps operation make the protection decision more complex and therefore conventional relaying scheme based on fixed settings has its limitation.
The UPFC offers new horizons in terms of power system control, with the potential to independently control up to three power system parameters, for instance bus voltage, line active power and line reactive power. While the use of the UPFC improves the power transfer capability and stability of a power system, certain other problems emerge in the field of power system protection, in particular the transmission line protection [4] [5] [6] , affecting greatly the reach of the distance relay.
Further, the current level may be of the same order at two different points of the transmission line (before and after the TCSC/UPFC) for the similar type of fault. Thus, fault classification and fault zone identification are very challenging tasks for a transmission line with the TCSC/UPFC. If the fault does not include the FACTs device, then the impedance calculation is like ordinary transmission line, and when the fault includes the FACTs, then the impedance calculation accounts for the impedances introduced by the FACTs device. The line impedance is compared with the protective zone and if the line impedance is less then the relay setting, then the relay gives a signal to trip the circuit breaker. Thus, before impedance calculation, a more reliable and accurate fault zone identification approach is necessary, for safe and reliable operation of the distance relay. Thus the correct fault zone identification and fault classification in presence of these FACTs devices such as the TCSC and the UPFC, in the transmission line are critical tasks to be dealt with.
Different attempts have been made for fault zone identification and fault classification using wavelet transform, Kalman filtering approach and neural network [1, 7, 8] . The Kalman filtering approach finds its limitation, as fault resistance cannot be modelled and further it requires a number of different filters to accomplish the task. Back propagation neural network, radial basis function neural network, fuzzy neural network are employed for adaptive protection of such a line where the protection philosophy is viewed as a pattern classification problem [7, 8] . The networks generate the trip or block signals using a data window of voltages and currents at the relaying point. However, the above approaches are sensitive to system frequency changes, and require large training sets and training time and a large number of neurons.
Recently, wavelet transform combined with support vector machine (SVM) [9] has been applied for fault zone selection for TCSC-based lines. The above works find limitations as wavelet transform is highly prone to noise and provides erroneous results even with noise of signal-to-noise ratio (SNR) 30 dB [10] . Also the computational burden of SVM is higher compared to proposed decision tree (DT), which puts constraints for online realisation of SVM bases relay for distance relaying.
Recently, DT has been found highly successful in applications such as online dynamic security assessment [11] , transient stability [12] and islanding detection [13] . DT being rule-based is more transparent and human friendly compared to black-box solution such as neural network and other pattern classifiers. The proposed method is based on DT [14] [15] [16] [17] [18] for fault zone identification and fault classification for the TCSC/UPFC-based line. The one cycle post fault current and voltage samples are used as input to the DT against target outputs '0' for faults before the TCSC/ UPFC and '1' for faults after the TCSC/UPFC. Similarly, the DT-based fault classification tree is built up for classifying ten types of shunt faults including the TCSC and the UPFC in the transmission line. The proposed technique is tested on wide variations in operating parameters including the noisy environment and found to be accurate and robust for classifying and identifying fault zone for the TCSC and the UPFC-based line. The following sections deal with the detailed system studied, methodology and testing results.
Studied system

TCSC-based line
A 230 kV, 50 Hz power system is illustrated in Fig. 1 . In this system, a TCSC is located at mid-point of the transmission line (distributed model), used for the distance protection study. The power system consists of two sources, TCSC and associated components and a 300 km transmission line. The transmission line has zero sequence impedance Z 0 ¼ 96.45 þ j335.26 V and positive sequence impedance Z 1 ¼ 9.78 þ j110.23 V. Here E S ¼ 230 kV and E R ¼ 230/d kV. The TCSC is designed to provide compensation varying from minimum 30% to maximum 40%. All the components are modelled using the PSCAD (EMTDC) subroutines.
The sampling frequency is 1.0 kHz at 50 Hz base frequency. The MOV consists of a number of zinc oxide discs electrically connected in series and parallel. The purpose of the MOV is to prevent the voltage across the capacitor from rising to levels that will damage the capacitor. This is most likely to happen when a fault occurs at a point on the compensated line which minimises the impedance of the fault loop. When instantaneous voltage across the capacitor approaches a dangerous level, the MOV begins to draw a significant proportion of the line current thereby limiting the voltage across the capacitor at that level. This action alters the impedance in the series path and hence the fault-loop impedance. In the event that the MOV remains in conduction long enough to raise its temperature (energy) to a dangerous level, an air-gap is triggered to short out both the MOV and the capacitor, again changing the fault-loop impedance. The operation of the MOV can be within the first-half cycle of fault and depending on the severity of the fault, it may continue to operate until the air-gap is triggered cycles later. This is precisely the time when a digital relay makes protection decision. Further, a bypass switch in parallel with the gap automatically closes for abnormal system conditions that cause prolonged current flow through the gap. Fig. 2a shows a typical series capacitor arrangement for one phase of a transmission line and the typical voltagecurrent characteristic of an MOV is shown in Fig. 2b .
The small inductance in the arrangement limits the current through the air-gap or switch circuit. The TCSC is designed such that it provides 30% compensation at 1808 (minimum) www.ietdl.org and 40% compensation at 1508 (maximum) firing angle and in this study the firing angle is varied within this range as shown in Fig. 3 .
The TCSC is placed at 50% of the transmission line with 300 km line length, which is 150 km from relaying end. The simulation for all ten types of shunt faults (L-G, LL-G, LL and LLL) are made on the transmission line with different fault resistance, source impedance and incident angles at different fault locations with varying the firing angle from 150 to 1808 with (after) and without including (before) TCSC.
UPFC-based line
The schematic diagram for the studied system is shown in The system is simulated using PSCAD (EMTDC) package.
The basic components of the UPFC are two voltage source inverters (VSIs) sharing a common DC storage capacitor, and connected to the system through coupling transformers. One VSI is connected in shunt to the transmission system via a shunt transformer, while the other one is connected in series through a series transformer. The UPFC consists of two 48 pulse VSIs, which are connected through 2000 mF common DC capacitance. The STATCOM is connected to the power system through 400/20 kV shunt transformer and injects reactive power to the transmission system to regulate the voltage at the connecting point. Another inverter SSSC connects into the power system through 20/60 kV series transformer to inject almost sinusoidal voltage of variable magnitude and phase angle to regulate the power flow through the transmission line.
The UPFC control system is divided into two parts, STATCOM control and SSSC control. The STACOM is controlled to operate the VSI for reactive power generation 
Decision tree
DT [14 -18] is the data mining classification algorithm used for high-dimension pattern classification. The mathematical representation of the DT algorithm is built on the following definitions
where m is the number of available observations (cases), n the number of independent variables (features), S the m-dimensional vector of the categorical (dependent) variable to be predicted from X , X i the ith component vector of n dimensional independent variables, x i1 , x i2 , . . . . . . . . . :, x ij , . . . . . . , x in the independent variables (predictors) of the pattern vector X i and T the vector transpose notation.
The goal of DT data mining is to predict S based on observing X . As many DTs with various accuracy levels can be constructed from a given X [14] , finding the optimal tree is difficult in practice because of the large size of the search space. However, powerful algorithms have been developed [15] to construct DTs with a reasonable tradeoff between accuracy and complexity. These algorithms use a strategy that grow a DT by making a series of locally optimum decisions about which feature (system parameter) to use for partitioning the data set X . The right-sized (or optimal) DT T k0 is then constructed according to the following optimisation problem [14] 
whereR(T k ) is the misclassification error rate of the tree T k , T k0 the optimal DT model that minimises the misclassification errorR(T k ), T a binary tree [ fT 1 , T 2 , . . . , T K , t 1 g, k is the tree index number, t is a node in a tree, with t 1 the root node, r (t) is the resubstitution estimate of the misclassification error of a case in node t and p(t) the probability that any case falls into node t.
Any binary DT T is a collection of nested binary partitions, denoted here by a quintuple (n, q, m, n L , n R ), represented in the following recursive form [14] T
where n denotes a decision node label for the partition, q the feature axis, m the threshold value used for the partition and n L and n R the node labels for the partition of the left and right sets, respectively. Here T L and T R denote the subtrees defined on the left and right sets of a partition. In summary, (4) defines the DT T in terms of the pattern lattice L created by partitioning the features plane. The equation states that the lattice L can be binary partitioned on the feature axis q into mutually exclusive left and right sets, as also depicted in Fig. 5 for the two-dimensional binary classification boundaries shown in Fig. 6 . The left set www.ietdl.org includes lattice elements with feature q values smaller than the threshold value while the right set includes lattice elements with feature q values exceeding the threshold value. The CART software package is used in the proposed study to develop the DT for identifying the fault zone for the TCSC and the UPFC-based transmission line.
DT-based fault zone identification
Initially the fault current and voltage information are collected at the relaying point. One cycle post fault current and voltage samples after fault inception are fed to the DT as input vector against target output of '1' for fault after the TCSC/UPFC and '0' for fault before TCSC/UPFC. Thus there are six sets of inputs against one output. The inputs are ia
As the sampling frequency is 1.0 kHz, one cycle contains 20
samples. Thus the input vector (one set) contains 120 data points for one target output.
The data sets are generated under various operating conditions of the power system network as follows. † Variations in fault resistance (R f ) from 0 to 200 V † Variations in source impedance (Zs) by 30% from normal value Figure 7 Proposed DT-based protection scheme 
'bcg '-type fault at 60 % of the line,
'ag '-type fault at 70% of the line with fault resistance 100
'abg '-type fault at 70% of the line with fault resistance 100
'abc'-type fault at 90% of the line with fault resistance 100 The DT is trained and tested for different sets of data such as 50-50, 60-40, 70-30, 80-20 and 90-10% for training and testing data sets, respectively. The above process is done to acquire the information of the training pattern on testing data sets. The proposed protection scheme is shown in Fig. 7 . DT-1 is used for fault zone identification and DT-2 is used for fault classification. Table 1 depicts the fault zone identification for both the TCSC and the UPFC line for different operating conditions. The DT-based algorithm provides '0' for fault before the TCSC/UPFC and '1' for faults after TCSC/UPFC. For 'a-g' fault at 48% of the line, (TCSC), DT provides output '0' showing the fault occurrence before the TCSC. Similarly, for 'a-g' fault at 52% of the line,
, DT provides output '1' showing fault occurrence after the UPFC. Table 2 provides the confusion matrix, which shows the predicted against actual conditions during testing for fault zone identification for TCSC line. The DT provides the confusion matrix only on testing data sets. Thus for examples, 70 -30% data sets mean, the confusion matrix provides classification results on 30% of total data sets. The results for different training and testing data sets are found out for generalising the perfect training and testing data sets for best results. For 50 -50% training and testing data sets, 8064 (6049 þ 2015) cases are classified, where as 336 (200 þ 136) cases are misclassified, providing classification accuracy 96.0%. Similar results are provided for 60 -40, 70 -30, 80 -20 and 90 -10% training and testing data sets. Table 3 provides confusion matrix for fault zone identification of the UPFC line for different training and testing data sets. It is observed that DT provides maximum classification accuracy of 98.8% for TCSC line and 98.5% for the UPFC line with 70 -30% training data sets, compared to all other training and testing data sets. It is also observed that the classification accuracy increases up to 70 -30% data sets and decreases after that in case of 80 -20 and 90 -10% data sets. This occurs due to over fitting of data sets for the classification algorithm.
Comparisons between the existing SVM algorithm and proposed DT algorithm are given in Table 4 for both the TCSC and the UPFC-based line. The confusion matrix for both the TCSC and the UPFC line is given with the same training and testing data sets for comparison. The classification accuracy for SVM and DT are 93.6 and 98.8%, respectively, for 70 -30% training and testing data sets. A similar observation is made with the UPFC line also. The offline comparison of their computational requirements on a PC desktop equipped with a Pentium IV -3 GHz CPU, shows that the processing time of SVM is 5.32 s compared to 0.88 s with DT for TCSC line for same data sets. Similarly, for the UPFC line, the processing time is 6.98 s for SVM and 0.96 s for DT with same data sets. Thus the computational burden of SVM is higher compared to DT. The DT-based fault zone identification tree is shown in Fig. 8 . Figure 8 DT-based fault zone identification tree for TCSC and UPFC line Table 5 Confusion matrix for fault classification using DT for 70% training and 30% testing case (TCSC line) Predicted (types of fault) Actual (types of fault) For fault classification, one cycle fault current and voltage signal samples along with the zero-sequence currents are used as an input vector against different categories of the faults as target output for the DT-2. The inputs are
Thus the input vector (one set) contains 140 data points for one target output (one category of fault). Different faults classes are categorised as
(c -a) and 10(a -b -c) as target output. The fault simulations are carried out with various operating conditions as given in the previous section. Total fault cases simulated for TCSC line is 16 800 and for the UPFC line is 25 600. As 70-30% training and testing data set is the generalised one for better classification accuracy (as found in the fault zone identification section), this ratio is considered for fault classification task.
The confusion matrix obtained for fault classification is depicted in Table 5 for the TCSC-based line with 70-30% training and testing data set. The confusion matrix provides results for testing data sets for 5040 cases (30% of 16 800). In Table 5 , the predicted against the actual class are given for all ten types of faults. In case of class 1(a-g), 496 cases are classified where as eight misclassified (with other classes). For class 2(b-g), 498 cases are classified and six are misclassified. Similar results are depicted for other types of fault cases. Table 6 The comparison of classification accuracies between the existing SVM and proposed DT for different fault cases are depicted in Table 7 . It is found that, for L -G (line to ground -a -g, b -g, c -g) faults, the classification accuracy is 98.28 and 94.31% for DT and SVM, respectively, for the TCSC line. For other fault types such as LL -G, L -L, L -L -L faults, the classification accuracies are higher in case of DT (around 98%) compared to SVM (around Table 6 Confusion matrix for fault classification using DT for 70% training and 30% testing case (UPFC line)
Predicted (types of fault) Actual (types of fault) The comparison between SVM and DT is made for different types of faults with mixed data from the TCSC and the UPFC line for fault zone identification as depicted in Table 8 . It is observed that the classification accuracy for L -G fault is 98.7% with DT compared 94.1% in case of SVM. It is observed that the classification accuracy with DT is higher compared to SVM for all other types of faults also.
The processing time of SVM is 15.67 s compared to 1.12 s of DT for TCSC line data sets. Similarly, for UPFC line, the processing time is 18.76 s for SVM and 1.23 s for DT with same data sets. Similar observation is made for mixed data sets as given in the Table 9 . Thus it is observed that the computational burden of SVM is higher compared to DT for fault classification task.
The DT is also tested for data with SNR 20 dB and the classification accuracies for different faults are depicted in Table 10 . It is found that the classification accuracy is marginally affected for DT compared to SVM with noise. This ensures robustness of the proposed DT algorithm. The DT-based fault classification tree is shown in Fig. 9 . Figure 9 DT-based fault classification tree for TCSC and UPFC line 
Discussion
The previous sections provide a new approach for fault zone identification and fault classification for the TCSC and UPFC-based transmission lines using DT. One cycle post fault current and voltage signals are used to build up a classification tree for fault zone identification and fault classification. The proposed DT-based approach is compared with the existing SVM approach for the same. It is found that the classification accuracy is higher in case of DT compared to SVM for different combinations of data sets and fault types.
As for the computational burden, there is a large gap between SVM and DT algorithm, but the computational burden is higher for SVM compared to DT for fault zone identification and fault classification task. This raises concerns about the practical implementation of SVM-based decision making on low-cost DSPs. By contrast, the DT method executes even faster than neural networks and definitely has an edge in real-time application. The classification accuracy is also higher in case of DT compared to SVM for the sample data sets taken for the proposed study including the noisy environment, which ensures robustness of the proposed DT algorithm.
Conclusions
The proposed approach provides a new technique for fault zone identification and fault classification for transmission line employing the TCSC and the UPFC using DT. The proposed DT is found to be better compared to existing SVM with respect to accuracy and computational burden. The DT is tested with data sets with wide variations in operating conditions of the power system network including the noisy environment and provides accurate results. The robustness and accuracy of the proposed DT show potential of the proposed method for protection of the FACTs line in large power network. Dealing with current transformer nonlinearity, harmonic and interharmonic resonances and so on will also require a much larger data base, although the principles presented in this paper will still hold.
